At present there is tremendous interest in characterizing the magnitude and distribution of linkage disequilibrium (LD) throughout the human genome, which will provide the necessary foundation for genome-wide LD analyses and facilitate detailed evolutionary studies. To this end, a human high-density single-nucleotide polymorphism (SNP) marker map has been constructed. Many of the SNPs on this map, however, were identified by sampling a small number of chromosomes from a single population, and inferences drawn from studies using such SNPs may be influenced by ascertainment bias (AB). Through extensive simulations, we have found that AB is a potentially significant problem in estimating and comparing LD within and between populations. Specifically, the magnitude of AB is a function of the SNP discovery strategy, number of chromosomes used for SNP discovery, population genetic characteristics of the particular genomic region considered, amount of gene flow between populations, and demographic history of the populations. We demonstrate that a balanced SNP discovery strategy (where equal numbers of chromosomes are sampled from multiple subpopulations) is the optimal study design for generating broadly applicable SNP resources. Finally, we validate our theoretical predictions by comparing our results to publicly available data from ten genes sequenced in 24 African American and 23 European American individuals.
Introduction
Single nucleotide polymorphisms (SNPs) are rapidly usurping microsatellites and other classes of DNA markers in contemporary genetics research, because they are abundant, mutationally stable, and amenable to highthroughput genotyping (reviewed by Brookes 1999) . These characteristics suggest that SNPs will be an important resource in a diverse array of applications. Arguably, the most promising application of SNPs will be in linkage disequilibrium (LD)-based studies such as disease gene mapping , pharmacogenetics (Wilson et al. 2001) , and testing hypotheses of human evolution (Tishkoff et al. 1996) . Before LD-based study designs can become a pragmatic genome-wide tool, however, it is necessary to understand how LD is apportioned throughout the genome. To this end, there have been a number of studies attempting to characterize the magnitude and distribution of ''background'' LD (i.e., LD between anonymous genetic markers) throughout the genome (Goddard et al. 2000; Kidd et al. 2000; Moffatt et al. 2000; Taillon-Miller et al. 2000; Abecasis et al. 2001) .
The prospect of systematically determining genomewide patterns of background LD has been greatly facilitated by the recent construction of a human highdensity SNP marker map (Sachidanandam et al. 2001) . It is important to realize, however, that many of these SNPs were identified by in silico methods that ascertained SNPs from a small number of chromosomes in a limited number of populations (Taillon-Miller et al. 1998; Marth et al. 1999; Altshuler et al. 2000; Irizarry et al. 2000; Mullikin et al. 2000) . Therefore, inferences drawn from studies using such SNPs may be influenced by ascertainment bias (AB). In fact, several recent studies have demonstrated that the SNP discovery process introduces bias into estimates of various population genetic parameters such as the population migration rate (Wakeley et al. 2001) , the population mutation rate (Kuhner et al. 2000; Nielsen 2000) , and the population recombination rate (Nielsen 2000) .
To date, the effect of AB on estimates of background LD has not been rigorously investigated, although Weiss and Clark (2002) have succinctly described the problem in a recent review article. Therefore, the purpose of this article is to demonstrate how the ascertainment strategy of SNP markers affects estimates of LD.
Methods

Data Mining
A Perl script was written to search all submitted SNPs deposited in dbSNP to identify the distribution of SNPs discovered in n chromosomes (where n 5 2, 4, 8, 16, and .16 ). The results presented in this study are based on all submitted SNPs in dbSNP through the first-quarter release in 2002.
Outline of Study Design
There are many sources of bias that can potentially affect an estimate of LD. In this article, we restrict our analysis to AB-that is, bias attributable to the ascertainment protocol of SNP markers. Thus, we developed a study design that allows us to specifically characterize the effect of AB on estimates of background LD; it consists of four distinct steps. First, we generated the raw SNP data by simulating a genomic region from a subdivided population with two subpopulations that symmetrically exchange M migrants/generation. Second, we modeled a SNP identification experiment. Here two strategies were considered: (1) a hierarchical approach in which n 1 chromosomes from subpopulation 1 are sampled and (2) a balanced design in which an equal number of chromosomes, denoted n 1 5 n 2 , are sampled from both subpopulations. Third, we calculated two LD statistics, D9 all and D9 id . D9 all is the average D9 between all pairwise SNPs produced in a particular realization of a coalescent simulation, whereas D9 id is the average D9 between only the SNPs identified in the SNP discovery experiment. Finally, in the fourth step, AB was measured as the mean absolute fractional error (MAFE). These steps are explained in more detail in the paragraphs that follow.
Step 1: Coalescent Simulations
The coalescent is a stochastic process that provides a powerful technique for rapidly simulating population genetic data (reviewed by Fu and Li 1999) . We used a coalescent model to simulate a genomic region from two subpopulations connected by gene flow whose patterns of sequence variation and LD were influenced by genetic drift, mutation, population demography, recombination, and migration among subpopulations (http://home. uchicago.edu;rhudson1/; Hudson 1993) .
The major parameters of the coalescent simulations were: M 5 Nm (one-quarter the population migration rate, where N is the effective population size and m is the migration rate/generation), h 5 4Nl (the population mutation rate where l is the mutation rate/locus/generation), and q 5 4Nc (the population recombination rate where c is the recombination rate/gamete across the entire region). Migration was modeled according to an island model in which each subpopulation symmetrically exchanges M migrants/generation.
A major objective of simulation studies is to make the study as realistic as possible by carefully selecting parameter values that are consistent with empirical and theoretical data. In many cases, however, exact parameter values are either unknown or, as in our case, vary throughout the genome. We therefore adopted the strategy of performing simulations over a wide range of plausible parameter values culled from the empirical literature. Values of h and q were assumed to be of the same order of magnitude (Clark et al. 1998; Nachman 2001; Nordborg and Tavaré 2002) . Specifically, values of h and q considered were: h 5 q 5 [1, 2, . . . , 12], which is in the range reported by many empirical and theoretical studies (Long and Langley 1999; Templeton et al. 2000; Yu et al. 2001b) . Moreover, the values of M considered were as follows: M 5 [0.0125, 0.125, 1.25], which again are consistent with available empirical data (Santos, Epplen, and Epplen 1997; Wakeley 1999) . For each parameter combination, 1000 simulations were performed and analyzed as described below. For each simulation replicate, 200 chromosomes were simulated from each subpopulation.
Furthermore, we considered two demographic models: (1) a model of constant population size and (2) a model of recent population expansion where each subpopulation expanded to 1000 N at 1.1 N generations in the past. If we assume N 5 10,000 individuals, this model corresponds to a population expansion approximately 11,000 years ago, and thus the agricultural revolution is modeled (Zollner and von Haeseler 2000) .
Step 2: Model SNP Identification Strategies After simulating a genomic region, we model a SNP identification experiment. Here we considered two strategies: (1) a hierarchical approach in which chromosomes from a single subpopulation are sampled and (2) a balanced study design in which an equal number of chromosomes from each subpopulation are sampled for SNP discovery. In the hierarchical SNP identification strategy, we sampled n 1 5 [2, 4, 8, 16 ] chromosomes from subpopulation 1, whereas in the balanced strategy we sampled n 1 5 n 2 5 [2, 4, 8] chromosomes from each subpopulation. In all cases, chromosomes were ''aligned'' and candidate SNPs were identified. Candidate SNPs were accepted for further analysis if the minor allele frequency was P 2% in the total sample of 200 chromosomes. This somewhat arbitrary threshold was selected for two reasons: (1) it is consistent with previous frequency-dependent definitions of SNPs (Brookes 1999) and (2) imposing a frequency threshold is necessary to avoid spuriously high estimates of D9 (see Mateu et al. 2001) .
Step 3: Calculate LD Following SNP identification, we calculated two LD statistics, D9 all and D9 id . Let x i and y i denote the number of total and identified SNPs in subpopulation i (where i 5 1 or 2), respectively. Then, D9 all in the ith subpopulation is
and D9 id in the ith subpopulation is
where D9 jk is the standardized coefficient of LD between the jth and kth locus (Lewontin 1964) . Specifically, denote the alleles at locus j and k as A and a and B and b, respectively. The frequency of alleles A, a, B, and b are given by P A , P a , P B , and P b , and the haplotype frequencies of AB, Ab, aB, and ab gametes are denoted as P AB , P Ab , P aB , and P ab , respectively. Thus, D9 jk 5 D/D max where D 5 P AB P Ab 2 P aB P ab and D max 5 min fP
In words, D9 all is the average D9 between all pairwise SNPs produced in the coalescent simulations, whereas D9 id is the average D9 between only the SNPs identified in the SNP discovery experiment. Note that D9 all and D9 id are calculated in the total number of chromosomes in each subpopulation (200), which eliminates any potential bias attributable to sample size. In some replicates, all candidate SNPs that were identified in a small number of chromosomes were not sufficiently polymorphic when genotyped in the entire population (i.e., a minor allele frequency P 2%). When this occurred, D9 id was set to be equal to 0. Although in practice one would likely attempt to discover more SNPs in these circumstances and reestimate D9 id , setting D9 id equal to 0 provides a useful theoretical approach for decomposing the total amount of AB into its component parts.
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Step 4: Measure AB Ascertainment bias was measured as the mean absolute fractional error (MAFE), which is in general defined as the absolute value of the difference between theoretical (c t ) and observed (ĉ c t ) values divided by the theoretical value (c t ). Here, c t 5 D9 all andĉ c t 5 D9 id . Thus, the AB in subpopulation i is
where n is the number of simulations (which is 1000 unless otherwise noted). MAFE varies from 0 to 1, and higher values indicate greater bias. Other measures of bias, such as the mean square error, were calculated but gave essentially the same results. Finally, note that by contrasting D9 all and D9 id we are asking whether the LD observed between the identified SNPs is representative of this region-at-large.
q as a Measure of LD
The effect of AB on q as a measure of LD was also studied. Data were simulated and SNPs were discovered as described above. Simulation parameters were set at h 5 q 5 3, M 5 0.125, n 1 5 [2, 4], and n 1 5 n 2 5 2. For each parameter combination, 100 data sets were simulated.
For each data set, q was estimated by a recently developed method that uses importance sampling to approximate the joint likelihood surface of q and h assuming a coalescent-model (http://www.stats.ox.ac.uk/ ;fhead/index.html ; Fearnhead and Donnelly 2001) . Parameter estimates are obtained by specifying ''driving values'' that parameterize the prior distribution of q and h. Here we considered four driving values and simulated 50,000 genealogies/driving value to approximate the likelihood surface of the data and estimate q (see Fearnhead and Donnelly 2001 for details) .
Results
Current SNP Identification Strategies
To better understand the current SNP identification strategies, we searched all of the submitted SNPs in dbSNP (http://www.ncbi.nlm.nih.gov/SNP/) and found that 64% were discovered in four chromosomes or less from a single population. Thus, the possible impact of AB is of great practical importance. Note that although this distribution is only approximate (as there is considerable redundancy among submitted SNPs), it does accurately reflect the current SNP identification strategies.
Distribution of D9 all and D9 id
If AB affects estimates of LD, then the distribution of D9 all and D9 id will be different. Therefore, we begin by comparing the distribution of D9 all and D9 id under a hierarchical SNP identification strategy (n 1 5 4). 234 Akey et al. clearly demonstrates that D9 all and D9 id differ and that the shape of these distributions is influenced by M, h, and q. For example, in subpopulation 1 when h 5 q 5 6, approximately 65% of simulations result in values of D9 all between 0.90 and 1, whereas only 36% of simulations yield values of D9 id in this range. The shift in distribution is even more pronounced in subpopulation 2, where the percent of simulations in the range of 0.90 and 1 decreases from approximately 63% in D9 all to 30% in D9 id . A similar pattern is observed for each parameter value presented in figure 1 , and thus, in general, AB causes LD to be underestimated. It is also interesting to note that when there was little gene flow between subpopulations (M 5 0.125), a significant proportion of replicates resulted in D9 id values of 0 in subpopulation 2 under a hierarchical SNP identification strategy. In other words, SNPs that are informative in the population in which they are discovered are not necessarily informative in other populations. This result has important implications for the utility of SNP resources in general, and those constructed by hierarchical study designs in particular (see Discussion). Although comparing the distribution of D9 all and D9 id provides an intuitive feel for how AB affects measures of LD, we now quantitatively address this question.
AB Under Hierarchical SNP Identification Strategies
The effect of AB, measured as the MAFE, under a hierarchical SNP identification strategy is shown in figure 2. Four principal results emerge from figure 2. First, AB in subpopulation 2 (panel B) is in general greater compared to subpopulation 1 (panel A). Under a hierarchical study design, the observed AB in subpopulation 1 is due to the sampling variation in estimating LD from SNPs identified in a small number of chromosomes. The AB in subpopulation 2 can be interpreted as AB resulting from sampling variation plus an additional amount attributable to population substructure (i.e., the genetic differences between subpopulations 1 and 2).
Second, the magnitude of AB in subpopulation 2 is inversely proportional to the amount of gene flow between FIG. 2.-AB under a hierarchical SNP identification strategy, as a function of h, q, M, and the number of chromosomes sampled from subpopulation 1 (n 1 5 2, 4, 8, and 16). AB for subpopulations 1 and 2 are shown in panels A and B, respectively, assuming a constant size demographic model. Each point corresponds to the mean AB bounded by approximate 95% confidence intervals.
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Third, the magnitude of AB varies as a function of h and q. As we demonstrate in the section Decomposing AB, h and q contribute to AB in distinct ways. This result is important because it suggests that the magnitude of AB may vary as a function of the particular genomic locus considered, because h and q likely vary across the genome (Yu et al. 2001a; Zavolan and Kepler 2001) .
Fourth, as the number of chromosomes used for SNP identification increases, AB decreases in both subpopulations, although the decline is slower in subpopulation 2. In fact, under extreme cases of population differentiation AB remains uniformly high in subpopulation 2 (data not shown). Although this amount of differentiation is not, in general, characteristic of human populations, it it may still be possible that certain genomic regions demonstrate such deep subdivision (Hamblin and Di Rienzo 2000; Hamblin et al. 2002) .
AB Under Balanced SNP Identification Strategies
Next, we investigated the effect of AB under a balanced SNP discovery strategy. As expected, the AB under a balanced study design is nearly identical in each subpopulation (see fig. 3 ). For example, when h 5 q 5 1, M 5 0.125, and n 1 5 n 2 5 2, the AB in subpopulations 1 and 2 is 0.25 and 0.23, respectively. Furthermore, when comparing the magnitude of AB under hierarchical and balanced SNP identification strategies, it is clear that the latter leads to SNP resources that are broadly applicable across various subpopulations. For example, when h 5 q 5 6, M 5 0.125, and four chromosomes are used for SNP identification, AB in subpopulation 2 is reduced from 0.29 under a hierarchical design to 0.06 (n 1 5 4) under a balanced (n 1 5 n 2 5 2) design ( fig. 2 and fig. 3B ). Importantly, AB in subpopulation 1 is only marginally affected under the two different sampling schemes (hierarchical, 0.07; balanced 0.05). Intuitively, this result is obvious, because the rationale for a balanced study design is to minimize AB from population substructure. In the absence of subdivision, sampling N chromosomes from each of two potential subpopulations is equivalent to sampling 2N chromosomes from one subpopulation. Although a balanced SNP identification strategy is preferred over hierarchical approaches, it is important to note that AB can still be strong, particularly when a small number of chromosomes are used for SNP discovery.
Demographic History and AB
We have also studied the effect of different demographic histories on the strength of AB. A demographic model incorporating recent population expansion results in considerably greater AB than observed in a constant sized population. For example, figure 4A shows the distribution of D9 all and D9 id in subpopulations 1 and 2 under a hierarchical study design. Notice how large the shift in the distribution of D9 id is compared to figure 1. Furthermore, figure 4B , which demonstrates how AB in subpopulation 2 varies as a function of h, q, and the number of chromosomes used for SNP identification under a hierarchical study design ( fig. 4B ), is qualitatively similar to that of a constant sized model (see fig. 2B , M 5 1.25), with AB decreasing as the number of chromosomes used for SNP identification and the values of h and q all increase. However, AB is uniformly larger in demographic models incorporating population expansion.
Decomposing AB Up to this point we have presented a measure of AB that potentially includes multiple sources of bias. More specifically, we hypothesize that AB can affect estimates of LD via two discrete mechanisms. In this section, we attempt to understand the specific mechanisms underlying how AB influences estimates of LD by developing a heuristic model to decompose AB into its component parts. First, AB can influence the probability of identifying informative SNPs for downstream analyses. Here, we narrowly define informative as a SNP that possesses a minor allele frequency greater than some predefined threshold (i.e., 2%). Second, AB can influence the probability of sampling a set of informative SNPs whose patterns of LD are representative of SNPs in the region-atlarge. Therefore, to better understand how AB influences measures of LD, we decomposed the total amount of AB into these two component parts.
Formally, we denote the total amount of AB as AB T , the AB attributable to identifying uninformative SNPs as AB I , and the AB attributable to sampling SNPs whose patterns of LD are unrepresentative of the region-at-large as AB R . If we assume under our heuristic model that AB I and AB R are independent, AB T is simply AB T 5 AB I 1 AB R . We estimated AB T by analyzing all simulation replicates regardless of whether informative SNPs were identified (i.e., allowing D9 id 5 0; see Methods). We estimated AB R by analyzing only the simulation replicates in which informative markers were identified (i.e., excluding replicates where D9 id 5 0). Finally, we estimated AB I by subtracting AB R from AB T . In summary, AB T is the total amount of bias introduced into an estimate of LD through the process of SNP ascertainment, which can then be partitioned into two component parts AB I and AB R . Figure 5 shows the contribution of AB I and AB R to AB T over a broad range of values for h and q for both constant and recently expanded demographic models. Several interesting observations emerge from these graphs. First, for both demographic models, the relationship of AB I and AB R to h and q is diametrically opposed. Specifically, AB R increases and AB I decreases as h and q increase. Therefore, for small values of h and q AB I dominates AB T , whereas for larger values of h and q, AB R dominates AB T . Second, the magnitude of AB I , and to a lesser extent AB R , is higher for the recently expanded demographic model than for the constant size model. This observation is attributable to a higher proportion of uninformative (i.e., rare) SNPs in expanded populations (data not shown).
To better characterize the relationship of h and q to AB R and AB I , we fixed h to 1, 4, 8, and 12, and for each value we allowed q to vary between 0.25, 0.5, 1, and 2 h. For each parameter combination, AB R and AB I were calculated, and the results are summarized in figure 6 . For all ratios of q:h, AB R and AB I follow opposite trends for different values of h. For example, consider the ratio q:h 5 0.25 (i.e., q 5 0.25 h). As h increases, the magnitude of AB R increases and that of AB I decreases. A similar pattern was observed in subpopulation 1 (data not shown). Overall, the data in figures 5 and 6 demonstrate that q primarily determines the magnitude of AB R , whereas h dictates the magnitude of AB I .
q as a Measure of LD It has not escaped our attention that when considering LD of a genomic region, simply averaging multiple pairwise D9 values has some obvious shortcomings. This has also been recognized in the recent literature, and one suggestion has been to use q, the population recombination rate, as a measure of LD, because it provides a summary statistic that simultaneously incorporates information from multiple SNP markers (Long and Langley 1999; Pritchard and Przeworski 2001) . Therefore, to confirm and extend our previous results we have also investigated the effect of AB on estimates of q (table 1) . Like the previous results using D9 as a measure of LD, the effect of AB in subpopulation 2 is more pronounced under a hierarchical study design than under a balanced sampling strategy. Overall, this finding suggests that the effect of AB on LD is a general phenomenon and not specific to D9.
Empirical Validation of Simulation Results
Finally, we tested our theoretical predictions by comparing our results to publicly available data from ten genes sequenced in 24 African American and 23 European American individuals from the SeattleSNPs project (http:// pga.mbt.washington.edu [accessed June 2002] ). For each gene, we modeled a hierarchical SNP discovery experiment by sampling 2 or 4 chromosomes from the European population (n 1 5 2,4) and a balanced study design by identifying SNPs in two chromosomes from each population (n 1 5 n 2 5 4). Next, we calculated D9 all for both populations by analyzing all pairwise SNPs discovered in the total sample of 94 chromosomes and D9 id by analyzing only the SNPs that were identified by using either 2, 4, or 8 chromosomes for SNP discovery. For each gene, 1000 replicates were performed for each SNP discovery strategy, and the average AB (measured as MAFE) is summarized in table 2. Table 2 is broadly consistent with our simulated results. For example, AB decreases as the number of chromosomes used for SNP identification increases. Moreover, under a hierarchical study design, AB is generally lower for the population in which SNPs are discovered. Furthermore, the magnitude of AB varies considerably across these ten genes, which may reflect variation in the population genetic characteristics (i.e., q and h) of their genomic regions. It is interesting to note that the average AB across the three study designs is nearly identical to the simulated data assuming M 5 1.25, q 5 2, and h 5 2 (table 2) . Thus, we believe that our simulations capture the essential features describing how AB of SNP markers affects estimates of LD. In summary, table 2 clearly demonstrates that discovering SNPs in these ten genes using 2 or 4 chromosomes would have provided an insufficient catalog of sequence variation from which to provide an accurate description of patterns of LD.
Discussion
Through extensive simulations, we have found that AB is a potential problem in attempts to estimate background LD. The magnitude of AB is a function of the SNP identification strategy, number of chromosomes used for SNP discovery, population genetic characteristics of the particular genomic region considered, amount of gene flow between populations, and demographic history of the populations. In general, because balanced study designs minimize AB due to population substructure, balanced SNP identification strategies are preferred over hierarchical approaches if the goal is to construct a broadly applicable SNP resource. However, if a small number of chromosomes are used for SNP identification AB may still be high.
In addition, we decomposed the total amount of AB (AB T ) into two component parts: AB I and AB R , which capture different aspects of the data. Recall that AB I is the AB attributable to identifying uninformative SNPs and AB R is the AB attributable to sampling SNPs unrepresentative of the region-at-large. Therefore, our finding that the magnitude of AB I is dictated by h is intuitive, as one would expect the level of sequence variation to mediate the probability of identifying informative SNPs. Previous studies have also suggested that a significant fraction of candidate SNPs identified in a small number of chromosomes will be uninformative Yang et al. 2000) , although to our knowledge we are the first to address this question in a subdivided population.
In contrast, AB R provides an estimate of AB conditional on the SNPs being informative. Hence, it is not surprising that the magnitude of AB R is determined primarily by and proportional to q. More specifically, AB R increases as q increases, because the sampling variation of LD is greater for larger values of q. Thus, the greater variability in LD increases the probability of sampling SNPs whose patterns of LD are not representative of the region-at-large.
It is important to note that in our heuristic model to decompose AB T we assumed AB I and AB R to be independent. This assumption may not be completely accurate, however, as h and q are positively correlated (Nachman 2001; Yu et al. 2001a) , and warrants further investigation. Nonetheless, in the context of our heuristic model, we believe that our assumption that AB I and AB R are independent is a reasonable approximation that allows a deeper understanding of how population genetic parameters contribute to AB.
The results presented here are subject to several limitations. For instance, we have focused on how AB affects a commonly used measure of LD, D9, although other measures exist (see . Nevertheless, we also have demonstrated that AB affects estimates of q (table 1). We therefore believe that our results are general and capture the important details of how AB affects inferences of LD. In future studies, it would be interesting to investigate how the magnitude of AB varies as a function of the particular statistic used to estimate LD.
Moreover, the simulation model is an obvious simplification of human population history. Specifically, we have assumed an island model of population structure, which posits a constant and symmetrical migration rate between subpopulations. Obviously, patterns of human migration are more complex, although it is difficult to predict systematically how these deviations affect our results. It is interesting to note however, how well our simple model fits the empirical data (table 2) .
Furthermore, few empirical data are available regarding estimates of M between human populations. Available data from autosomal DNA (Santos, Epplen, and Epplen 1997; Wakeley 1999) and mitochondrial DNA (Seielstad, Minch, and Cavalli-Sforza 1998; Beerli and Felsenstein .2001) suggest that M is approximately 1, with one study reporting a 95% confidence interval of 0.61-1.43 (Wakeley 1999) . However, many estimates of FIG. 6 .-The contribution of h, and q to AB R and AB I in subpopulation 2. Here, we fixed h to 1, 4, 8, and 12 and for each value allowed h, and q to vary between 0.25, 0.5, 1, and 2 h. For example, consider the category q 5 0.25 h. As h. increases from 1, 4, 8, to 12 q. increases from 0.25, 1, 2, to 3. The remaining parameters were set to M 5 1.25, constant size demographic model, and n 1 5 8.
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M are based primarily on F ST , which has been criticized as an unreliable method for inference that is accurate to only a few orders of magnitude (Whitlock and McCauley 1999) .
Moreover, as
, it is plausible that estimates of F ST may vary across the genome (for example, selection could result in regionally restricted changes in N), which may lead to a nonuniform distribution of AB. In other words, some genomic regions may be strongly affected by AB, whereas others may be minimally affected, a phenomenon that can observed in the empirical data (table 2). The Duffy blood group locus is a particularly good example of a genomic region where AB may be particularly strong because of natural selection. The Fy*O allele is nearly fixed in sub-Saharan African populations but is rare outside Africa, leading to the largest observed F ST of any allele in humans (Hamblin and Di Rienzo 2000; Hamblin, Thompson, and Di Rienzo 2002) .
Recently, a series of articles were published that suggest LD is arranged in blocklike structures such that within a block, limited haplotype diversity is observed (Daly et al. 2001; Johnson et al. 2001; Jeffreys, Kauppi, and Neumann 2001; Patil et al. 2001) . Hence, it would be of tremendous interest to systematically identify haplotype blocks throughout the genome. To this end, a large-scale project is under consideration (Robertson 2001) . Our results have important implications for the study design in constructing a genome-wide haplotype map. For example, our data intimate that identifying informative SNPs from the currently available collection of markers may be problematic (see AB I in fig. 6 ). Consistent with this hypothesis, Johnson et al. (2001) , in their study of a European population, remarked that most SNP markers in dbSNP proved to be insufficient for identifying haplotype blocks. Nevertheless, our results are encouraging. If haplotype blocks are determined primarily by limited recombination (as opposed to demographic history), then our data demonstrate that AB within a haplotype block may not be very significant, because AB R is minimal for small values of q. However, in regions outside of haplotype blocks AB R may be quite high, because q will be large.
Although AB may complicate accurate parameter estimates with the available SNP markers, it is important to realize that approaches exist to account for and correct this bias: for example, if the SNP ascertainment strategy is known and appropriately modeled analytical methods have been developed to accurately estimate h (Kuhner et al. 2000; Nielsen 2000) and M (Wakeley et al. 2001) . In the context of LD studies, there is a crucial need to move beyond pairwise LD measures and develop statistics to estimate the overall LD of a genomic region. Future work in this area should pay close attention to the aforementioned methods that allow AB to be modeled and corrected. As an example, Nielsen (2000) demonstrated that AB could be corrected for in estimates of q, which we used as an overall measure of LD (table 1) .
Conclusion
In conclusion, our data clearly demonstrate that AB is an important problem to consider when designing and interpreting studies that estimate background LD. Although we have presented our results in the context of human populations, our data and conclusions are general and apply to the construction of SNP resources for other model organisms (Cho et al. 1999; Lindblad-Toh et al. 2000) . We recommend that future large-scale SNP discovery efforts adopt a balanced SNP identification strategy and sample a large number of chromosomes from multiple subpopulations (estimated to be a minimum of 60 chromosomes by Johnson et al. 2001) . Finally, we suggest that the available SNP resources should be regarded as an exciting beginning and not an end.
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